Probabilistic safety assessment (PSA) is the most effective and efficient tool for safety and risk management in nuclear power plants (NPP). PSA studies not only evaluate risk/safety of systems but also their results are very useful in safe, economical and effective design and operation of NPPs. The latter application is popularly known as ''Risk-Informed Decision Making''. Evaluation of technical specifications is one such important application of Risk-Informed decision making. Deciding test interval (TI), one of the important technical specifications, with the given resources and risk effectiveness is an optimization problem. Uncertainty is inherently present in the availability parameters such as failure rate and repair time due to the limitation in assessing these parameters precisely. This paper presents a solution to test interval optimization problem with uncertain parameters in the model with fuzzy-genetic approach along with a case of application from a safety system of Indian pressurized heavy water reactor (PHWR).
Introduction
The criterion for regulation of the design and operation of NPP has been derived from deterministic engineering analysis methods. This traditional defence-in-depth philosophy continues to assure a safe condition of the plant following a number of postulated design basis accidents and also achieving several levels of safety. During recent years, both the nuclear utility and nuclear regulatory bodies have recognized that probabilistic risk analysis (PRA) has evolved to the point that it can be used increasingly as a tool in decision-making. The key to this risk-informed approach to decision-making is that it is complementary to the defence-in-depth philosophy. This has given rise to the advent of various methodologies for optimizing activities related to NPP operation and maintenance. Thus the risk-informed applications emphasize both effective risk control and effective resource expenditures at NPPs. These risk-informed approaches make the requirements and activities more risk effective and at the same time utilizing fewer resources by making use of PRA results to focus better on what is critical to safety.
Several authors [1] [2] [3] [4] have emphasized the potential of risk-informed approach and its application to nuclear as well as non-nuclear/chemical industries also. The specific activities related for their resource effectiveness in riskinformed applications are evaluation of technical specifications [1] , in-service inspection [2] , preventive maintenance, and in-service test. Technical specifications represent a set of parameters according to which systems should be operated, tested, maintained and repaired. Nowadays, special attention is being paid on the use of PRA for risk-informed decision-making on plant specific changes to test intervals (TIs) in technical specifications.
The issue of risk effectiveness versus resource utilization is an optimization problem where the resources, viz., number of tests conducted, working hours required, costs incurred, radiation exposure, etc., is to be minimized while the performance or unavailability is constrained to be at a given level. Alternatively, the same relationship also applies when performance or availability is to be maximized for given resources. Applying this relationship to evaluation of technical specifications, TI is the decision variable while resources expenditure is an objective function to be minimized and unavailability of the system is constraint in the former case. In the latter case, unavailability is an objective function to be minimized where as resources expenditure is the constraint with the same TI as the decision variable.
As mentioned by Martorell [1] , in optimizing TIs based on risk (or unavailability) and cost, one normally faces multi-modal and non-linear objective functions and a variety of both linear and non-linear constraints. In addition, requirements such as continuity and differentiability of objective and constraints functions add yet another conflicting element to the decision process. Resolution of such complex optimization problems requires numerical methods. However, as traditional approaches usually give poor results under these circumstances, new methods based on genetic algorithms (GAs) were investigated in order to try to solve this kind of complex optimization problems [1] [2] [3] [4] . Martorell [1] and Vaurio [2] have successfully applied to TI optimization problems. Gopika [3] has applied it to optimization of inservice inspection intervals.
However, the parameters such as failure rate, demand failure probability and repair time are considered to be constants in earlier work done on applications of riskinformed decision making [1] [2] [3] [4] . Nevertheless, uncertainty in the failure/repair parameters of the components is inevitable in any kind of reliability calculations. The practice in Level-1 probabilistic safety assessment (PSA) to incorporate the variation in the estimated values is to consider them as random variables with known probability distributions and propagate the component level uncertainties to system level with suitable uncertainty propagation technique such as method of moments, Monte-Carlo simulation, fuzzy arithmetic, etc. Probabilistic methods are difficult and simulation may require enormous computer time. In fuzzy approach the algebraic operations are easy and needs less computer time than former. The method proposed by Soman and Misra [6] based on alpha-cut method, also known as resolution identity method, is computationally simple and has been applied to uncertainty analysis in fault trees by many authors [7, 8] . Fuzzygenetic approach has been successfully applied in structural engineering optimization by Yang and Soh [10] , Rao [11] and Soh and Yang [12] . This paper explores the application fuzzy-genetic approach to TI optimization considering uncertainties in failure/repair parameters. This framework is explained with a case study from safety system of Indian PHWR.
Mathematical modeling of problem
System unavailability model in the PRA is adopted to represent the risk function. It is obvious that by optimizing TIs based on minimizing the corresponding safety system unavailability one can improve the safety level of NPP. Unavailability function of the system is generally derived from fault tree analysis, which is a logical and graphical description of various combinations of failure events. Minimal cut-sets are obtained from fault tree analysis which represents minimal combinations of basic events (components) leading to unavailability of system. Thus, system unavailability is expressed as a function of unavailability of components. As safety system is considered for case studies and normally all the components -in a safety system are in standby mode, the following model (refer Eq. (1)) as explained in [1, 5] represents the unavailability of component. It is a function of unavailability arising from random failure during standby mode, surveillance testing, preventive maintenance activity, and corrective maintenance due to observed failure.
where uðxÞ represents unavailability of component that depends on the vector of decision variables x, u r ðxÞ is the contribution from random failures % r þ 1 2 lT, u t ðxÞ the contribution from testing % t=T, u m ðxÞ the contribution from preventive maintenance % m=M; u c ðxÞ the contribution from corrective maintenance % ð1=TÞðr þ lTÞd.
Thus,
System unavailability is sum of j number of minimal cut sets and the product k extents to the number of basic events in the jth cut set as
u jk represents the unavailability associated with the basic event k belonging to minimal cut set number j. Similarly the cost model is given as follows: The total cost cðxÞ of the component (year wise contribution) includes costs due to testing c t ðxÞ, preventive maintenance c m ðxÞ and corrective maintenance c c ðxÞ.
The total yearly cost of the system having i number of components is given by
Both risk and cost functions are important to decision making in effective, efficient and economical safety management of NPPs. In the first case, constraints are applied over one of the two objective functions, risk or cost function. These are referred to as implicit constraints, where, for example, if the selected objective function to be minimized is the risk, UðxÞ, then the constraint is a restriction over the maximum allowed value to its corresponding cost. In the second case, the selected objective function to be minimized is the cost, CðxÞ, and the constraint is stated through the maximum allowed value for the risk. One can also impose constraints directly over the values the decision variables in vector x can take, which are referred as explicit constraints. In case of TI optimization, the TI of the components can be limited realistic period in the plant instead of unpractical mathematical values.
Genetic algorithm as optimization method
The GA is a stochastic global search method that mimics the metaphor of natural biological evolution. GA operates on a population of potential solutions applying the principle of survival of the fittest to produce better and better approximations to a solution. At each generation, a new set of approximations is created by the process of selecting individuals according to their level of fitness in the problem domain and breeding them together using operators borrowed from natural genetics. This process leads to the evolution of populations of individuals that are better suited to their environment than the individuals that they were created from, just as in natural adaptation. Individuals, or current approximations, are encoded as strings, chromosomes, composed over some alphabet(s), so that the genotypes (chromosome values) are uniquely mapped onto the decision variable (phenotypic) domain. The most commonly used representation in GAs is the binary alphabet {0, 1} although other representations can be used, e.g. ternary, integer, real-valued, etc.
In-house code has been developed for steady-state genetic algorithm (SSGA) [1, 13] specific to TI optimization with the binary encoding and other genetic operators same as explained in Martorell [1] . The main feature of the SSGA is the utilization of overlapping populations, as it can be observed in Fig. 1 . The SSGA starts with an initial population of a given size. The number of individuals that constitute this base population, denoted by popsize, is selected by the user. Each of these individuals is a possible solution to the optimization problem, which is given by the genetic information encoded in its corresponding genome x. This algorithm generates an auxiliary population, of size nrepl, constituted by the offspring obtained after the reproduction of certain individuals selected from the base population. Newly generated offspring is evaluated and then added to the base population. Each individual of the resulting population, composed by popsize+nrepl individuals, is penalized and then scaled to derive a ranking of individuals based on their fitness score. After scaling, the nrepl worst individuals in the ranking are removed in order to return the population to its original size (popsize). Therefore, after replacement, the best individuals remain in the new population constituting the new generation, generically denoted by g þ 1, which descends from previous one, g. The number of individuals to be replaced, nrepl, is fixed as 6 in the present problem. Once the new population is generated, the algorithm checks if the termination criterion is satisfied. In case the criterion is not satisfied, then the evolution continues to produce new generation as described previously. The best fit of the population that satisfied termination criteria gives the optimum solution to the problem. The binary encoding scheme of the decision variables is used for the current problem, TI optimization, due to its simplicity in mutation operation and the range constraint is automatically implicit in the encoding. The roulette-wheel method, which is a stochastic sampling method that picks the individuals by simulating the roulette-wheel, is used in for the process of selection. The one point crossover has been chosen for the crossover operation, which is a very simple method widely used that provides good results. Population size of 100 (popsize) and auxiliary population size of 6 (nrepl) is taken. Crossover and mutation probabilities of 0.7 and 0.1 are assumed in the calculations. More details about steady state GA can be found in Martorell [1] .
Fuzzy set theory to handle uncertainty in parameters of risk models
A fuzzy set is an extension of the traditional set theory that generalizes the membership concept (characteristic value) by using the membership function that assigns a value between 0 and 1 that represents the degree of membership of an object x to set F. Fuzzy sets are used to provide a more reasonable interpretation of linguistic variables (variables whose values are words or sentences in natural or artificial languages). A fuzzy set assigns membership values between 0 and 1 that reflects more naturally a member's association with the set. In FST, one deals with a set ''S'' which determines a universe of discourse and a fuzzy subset ''F'' that contains degrees of membership and the relationship between the two sets. The membership functions can have various shapes such as triangular, normal, and exponential, etc. More on FST and fuzzy arithmetic operation can be found in [14] .
Scarcity of failure data is limiting the potential of probabilistic approaches as the credibility of this depends upon efficient past data, which is used to deduce probability distributions. Probabilistic methods are relatively difficult computationally and have uncertainty in the simulation it self. FST can address these demerits and can be very effective when data is imprecise and moreover it is computationally easy. In FST, the input parameter is treated as a fuzzy number and the variability is characterized by the membership function which can be obtained based on the available information or the expert's opinion.
There has been a tremendous explosion of literature on the fuzzy set theory and its applications since the first paper by Prof. Zadeh [9] in 1965. FST has proved its credibility in many fields such as linear and nonlinear process control, robotics, automation, tracking, consumer electronics, pattern recognition, image processing, machine vision, decision making, financial systems, information systems, data base management, information retrieval, meteorology, etc. For information that is inherently imprecise or vague, FST is the best choice as they are not well suited for representation and processing by classical binary logic or probabilistic based techniques. Subjectivity and fuzziness are inherent in any system reliability analysis. Recently there have been many applications of fuzzy set theory to reliability and safety analyses [6] [7] [8] . In fuzzy fault tree analysis methods, instead of assuming the input parameter as a random variable it is considered as a fuzzy number and uncertainty to the top event is propagated by fuzzy algebraic operations. The method proposed by Soman and Misra [6] based on alpha-cut method, also known as resolution identity, is computationally simple and can be applied to any system unavailability function. Fuzzygenetic approach has been successfully applied in structural engineering optimization problems [10] [11] [12] . The previous work addressed uncertainty in modeling only and considered the parameters to be constant. The integration of alpha-cut method with genetic optimizer gives the solution to considering uncertainty in availability parameters.
Case studies: test interval optimization for shutdown cooling system of Indian PHWR

Description of the system
The shutdown cooling system (SDCS) is designed to cool the reactor core during shutdown and emergency conditions such as off-site power supply failure, feed water system failure, etc. and for long term decay heat removal at 55 1C to facilitate the maintenance or inspection of the primary circuit. Shut down cooling system consists of two loops, one each on north bank and south bank. Each loop consists of a pump and heat exchanger. Suction side of each pump is connected to the respective reactor outlet header. The heat exchanger is located on the down stream of the respective pump and its outlet is connected to the respective reactor inlet header. The motorized valves have been provided at the inlet of each pump and at the outlet of each heat exchanger. Normally the system is isolated from the main circuit and is connected to bleed condenser. The schematic diagram of primary heat transport system with SDCS in a typical Indian PHWR is shown in Fig. 2 .
Results and discussions
In this problem, the system components are grouped into three different test strategies. Strategy 1 covers the two isolation valves, namely, MOV 21 and MOV 22. Strategy 2 covers the four injection valves, MOV 2, 3, 4, & 5. Finally, two pumps, PMP 1 and PMP 2 are placed in the third strategy. It is assumed that all the components in the same group will have same TI. Further, test strategies must satisfy the following relationship in our particular case of application:
where T 1 , T 2 and T 3 are TI for strategy 1, 2, and 3, respectively; k 2 and k 3 are integers that must lie in between 1 and 10. T 1 must lie between [0, 8760]. The current practice recommends 3 months for all the components and the cost of maintenance for the current practice is Rs. 12583.5 (in Indian Rupees (Rs.)) when it is calculated keeping the failure and repair parameters at their nominal values. But, if uncertainty is considered in the parameters then cost is Rs. 17259.4 (alpha-cut is 0, conservative side). It is to be noted that cost of maintenance is a function of failure rate, demand failure probability and repair time (refer Eq. (5)).
The unavailability of the system has been considered as objective function and cost per year (Rs. 12583.5) as the constraint apart from satisfying above said intervals for decision variables T 1 , k 2 and k 3 . The unavailability parameters of pumps and valves are taken from the literature. However, the cost parameters are obtained from Indian scenario. They are shown in Table 1 . Failure rate, demand failure probability and repair time are considered as uncertain parameters from the set of component unavailability and cost parameters. Triangular membership function with error factor of 3 is considered for all the three uncertain parameters as mentioned in PSA studies carried out on the same system [15] . Upper limit of triangular fuzzy number is the product of error factor and median value. Lower limit of triangular fuzzy number is ratio of median value to error factor.
The unavailability of the system is obtained by fault tree analysis technique. Commercial software, ISOGRAPH, has been used for developing the fault tree and listing the minimal cut-sets. The fault tree is shown in Fig. 3 . The list of minimal cut-sets is given in Table 4 . The unavailability of the system is the sum of all minimal cut sets as per rare event approximation. In developing the cost function, costs of only repairs and testing are considered. In-house developed software for the fuzzy-genetic optimization has been used to solve the problem. Alpha-cut method for fuzzy arithmetic and Steady State Genetic Algorithm (SSGA) for optimizer are adopted. The parameters adopted for GA and generic operators are shown in Tables 2 and 3 , respectively. The initial population in SSGA implementation is normally generated using a random method. However, it cannot guarantee the criteria of satisfying constraints, therefore the actual TIs implemented in the plant are considered for initial population. A generation dependent dynamic penalization model [1] and termination criteria [1, 2] have been used in SSGA. The optimized results are shown in Table 5 . All the different sets of solutions represent practical alternatives; need not be global solutions, but very close to global solutions. From the results (Table 5) , alpha-cut ¼ 0 at serial number 1 gives the most optimistic set of solution and at serial number 21 gives the pessimistic set of solution at alpha-cut ¼ 1. Going by the conservative side (refer row 21 of recommended that MOV 21 and 22 shall be inspected in 182 h ($once in a week), MOV 2, 3, 4, & 5 shall be inspected once in 10 weeks and the two pumps shall be inspected once in 30 weeks. In case of currently followed practice, unavailability of SDCS is 1.89eÀ3 (cost is 12583.5). After optimization, with the failure and repair parameters at their nominal values (alpha-cut ¼ 1), unavailability of SDCS is only 1.39eÀ3 (cost is Rs. 12508.5, refer Table 5 ). In presence of uncertainty (alpha-cut ¼ 0, conservative side) in failure and repair parameters, the total cost of maintenance for the current practice is Rs. 17259.4 (unavailability is 0.0122) where as the recommended practice (after optimization) will cost only Rs. 12573.5 (unavailability is 0.0112, refer Table  5 ). This shows there is decrease in the cost of maintenance. Hence, in the light of uncertainty also the recommended practice is better than the currently adopted strategy. In addition, this methodology provides a framework for not only with the mentioned constraints but also other constraints of concern to specific operational scenarios.
Conclusions
Risk-informed decision-making ensures safe, economical and efficient design and operation of nuclear power plants (NPPs). TI optimization, which is one of the important applications of risk-informed approach, has been applied to SDCS of Indian PHWR. Uncertainty in failure rate, demand failure probability and repair time of all components in the system has also been addressed as ignoring this may mislead decision making. Consideration of uncertainty in reliability parameters is giving insights for decision making by giving optimistic and pessimistic set of solutions. Fuzzy-genetic approach has been successfully applied with due consideration to uncertainties. From the case studies it is found that the recommended test strategy is better than the test strategy being followed currently. This methodology provides a framework not only for the mentioned constraints but also other constraints of concern to specific operational scenarios.
